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ABSTRACT

This paperdescribes lattice-basedramevork for maximummu-
tual information estimation(MMIE) of HMM parametersvhich
hasbeenusedto train HMM systemdfor corversationatelephone
speechtranscriptionusing up to 265 hoursof training data. These
experimentgepresenthe largest-scal@pplicationof discriminative
trainingtechniquedor speechrecognitionof which the authorsare
aware,and have led to significantreductionsin word error rate for
both triphoneand quinphoneHMMs comparedo our bestmodels
trained using maximumlik elihood estimation. The use of MMIE
trainingwas a key contrikuter to the performanceof the CU-HTK
March2000Hub5 evaluationsystem.

1 INTRODUCTION

The model parametersn HMM basedspeechrecognition sys-
temsarenormallyestimatedisingMaximumLik elihoodEstimation
(MLE). If certainconditionshold, includingmodelcorrectnesghen
MLE canbe showvn to be optimal. However, when estimatingthe
parametersf HMM-basedspeectrecognisersthetrue datasource
is notanHMM andthereforeothertraining objective functions,in

particularthosethatinvolve discriminatve training,areof interest.

During MLE training, modelparametersreadjustedo increase
the likelihood of the word stringscorrespondingo the training ut-
teranceswithout taking accountof the probability of otherpossible
word strings. In contrastto MLE, discriminatie training schemes,
suchasMaximumMutual InformationEstimation(MMIE) whichis
thefocusof this papertake accounof possiblecompetingword hy-
pothesesndtry andreducethe probability of incorrecthypotheses.

Discriminative scheme$have beenwidely usedin smallvocalu-
lary recognitiontasks wheretherelatively smallnumberof compet-
ing hypothesesnalestraining viable. For large vocalulary tasks,
especiallyon large datasetsherearetwo main problems:generali-
sationto unseerdatain orderto increaseest-seperformancever
MLE; and providing a viable computationframevork to estimate
confusabléhypotheseandperformparameteestimation.

This paperis arrangedasfollows. First the detailsof the MMIE
objective functionareintroduced.Thenthelattice-basedramevork
usedfor a compactencodingof alternatve hypothesess described
alongwith the ExtendedBaum-Welch (EBW) algorithmfor updat-
ing model parameters.Methodsto enhancegeneralisatiorperfor
manceof MMIE trained systemsare also discussed. Setsof ex-
perimentgor evaluatingthe technique®n corversationatelephone
speechranscriptiorarepresentethatshav hov MMIE trainingcan
be successfullyappliedover arangeof training setsizes;the effect
of methodsto improve generalisationandtheinteractionof MMIE
with maximume-likelihoodadaptation.

2 MMIE CRITERION

MMIE training was proposedn [1] asan alternatve to MLE and
maximisesthe mutual information betweenthe training word se-
guencesandthe obsenation sequencesWhenthe languagemodel
(LM) parameterarefixedduringtraining (asthey arein this paper
andin almostall MMIE work in theliterature),the MMIE criterion
increaseghe a posteriori probability of the word sequenceorre-
spondingto thetraining datagiventhetrainingdata.
For R training obseration sequences{O;,...,0,,...Or}

with correspondingranscriptions{w, }, the MMIE objective func-
tion is given by
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where M,, is the compositemodelcorrespondingo the word se-
quencew andP(w) is theprobabilityof this sequencasdetermined
by thelanguagemodel. The summatiorin thedenominatoof (1) is
takenover all possibleword sequences) allowedin the taskandit
canbereplacedoy
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where M 4en, €ncodeghe full acousticandlanguagemodelusedin
recognition.

It shouldbe notedthat optimisationof (1) requiresthe maximi-
sationof the numeratorterm px (O, | M., ), which is identical to
the MLE objective function, while simultaneouslyminimising the
denominatotermpx(O|Mden)-

3 EXTENDED BAUM-WELCH
ALGORITHM

Themosteffective methodto optimisethe MMIE objective function
for large dataand model setsis the ExtendedBaum-Welch (EBW)
algorithm[3] asappliedto Gaussiamixture HMMs [6].

The updateequationgfor the meanof a particulardimensionof
the Gaussiarfor statej, mixture componentn, u;» andthe cor-
responding/ariancegfm (assumingliagonalcovariancematrices)
canbere-estimatedy
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In theseequationsthed;. ., () andd;., (O?) aresumsof dataand
squarediatarespectiely, weightedby occupany, for mixturecom-
ponentm of statej, andthe Gaussiaroccupanciegsummedover
time)are~y;n,. Thesuperscriptaum andden referto themodelcor-
respondingo thecorrectword sequenceandtherecognitionmodel
for all word sequencesespecitiely.

It is importantto have an appropriatevaluefor D in the update
equations,(3) and (4). If the value setis too large then training
is very slow (but stable)andif it is too small the updatesmay not
increasethe objective function on eachiteration. A useful lower
boundon D is the value which ensureghat all variancesremain
positive. Using a single global value of D canleadto very slov
corvergenceandin [9] aphone-specifiwalueof D wasused.

In preliminary experiments,it was found that the corvergence
speedcould be further improved if D was seton a perGaussian
level, i.e. a GaussiarspecificD;,, wasused.It wassetatthe max-
imum of i) twice the value necessarnto ensurepositive variance
updatedor all dimensionsof the Gaussianpr ii) the denominator
occupany 5.

The mixture weight valueswere setusinga novel approachde-
scribedin [7]. The exact updaterule for the mixture weightsis
not too importantfor the decision-tredied-statemixture Gaussian
HMMs usedin the experimentsreportedhere, sincethe Gaussian
meansandvariancegplay a muchlargerrole in discrimination.

4 |IMPROVING MMIE GENERALISATION

An importantissuein MMIE trainingis the ability to generaliséo
unseertestdata. While MMIE training often greatlyreducesdrain-
ing seterrorfrom anMLE baselinethereductionin errorrateonan
independentestsetis normally muchless,i.e., comparedo MLE,
the generalisatiorperformancas poorer Furthermoreaswith all
statisticalmodelling approachesthe more complex the model, the
poorerthegeneralisationSincefairly complec modelsareneededo
obtainoptimalperformancevith MLE, it canbedifficult to improve
thesewith corventional MMIE training. We have consideredwo
methodsof improving generalisatiorthat both increasethe amount
of confusablalataprocesseduringtraining: wealerlanguagemod-
elsandacoustiomodelscaling.

In [8] it wasshawvn thatimproved test-setperformancecould be
obtainedusinga unigramLM during MMIE training, even though
a bigram or trigram was usedduring recognition. The aim is to
provide more focuson the discriminationprovided by the acoustic
model by looseningthe languagemodel constraints. In this way,
more confusabledatais generatedvhich improves generalisation.
An unigramLM for MMIE trainingis investigatedn this paper

When combiningthe likelihoodsfrom an HMM-basedacoustic
modelandthe LM it is usualto scalethe LM log probability This
is necessarnpecauseprimarily dueto invalid modelling assump-
tions, the HMM underestimatethe probability of acousticvector
sequencesAn alternatve to LM scalingis to multiply the acous-
tic modellog likelihoodvalueshy theinverseof the LM scalefactor
(acoustianodelscaling).While this producegshesameeffectaslan-
guagemodelscalingwhenconsideringonly a singleword sequence
asfor Viterbi decodingwhenlikelihoodsfrom differentsequences
are added,suchas in the forward-backward algorithm or for the
denominatorof (1), the effects of LM andacousticmodel scaling
arevery different. If languagemodelscalingis used,one particu-
lar state-sequencendsto dominatethe likelihoodat ary pointin
time andhencedominatesary sumsusing pathlikelihoods. How-
ever, if acousticscalingis used therewill beseveral pathsthathave

fairly similar likelihoodswhich make a non-ngjligible contrikution

to the summations. Thereforeacousticmodel scalingtendsto in-

creaseheconfusablalatasetin trainingby broadeningheposterior
distribution of stateoccupationy;-i,z" thatis usedin the EBW update
equations.This increasen confusabledataalsoleadsto improved
generalisatioperformance.

5 LATTICE-BASED MMIE TRAINING

Theparametere-estimatiorformulaepresentedh Section3 require
the generatiorof occupatiorandweighteddatacountsfor boththe
numeratotermswhichrely on usingthe correctword sequencand
the denominatotermswhich usethe recognitionmodel. The cal-
culationof the denominatoitermsdirectly is computationallywery
expensve andso, in this work andassuggestedh [9], word lattices
areusedto approximatehedenominatomodel.

The first stepis to generateword-level lattices, normally using
anMLE-trainedHMM systemandabigramLM appropriatefor the
training set. This stepis normally performedjust onceandfor the
experimentsin Section6 the word latticesweregeneratedn about
5x Real-Time (RT).!

Thesecondstepis to generatghone-marked latticeswhich label
eachword lattice arc with a phone/modesequencandthe Viterbi
segmentationpoints. Theseare are found from the word lattices
anda particularHMM set,which may be differentto the oneused
to generatehe original word-level lattices. In our implementation,
thesephonemarledlatticesalsoencodehelLM probabilitiesusedn
MMIE trainingwhich againmaybedifferentto theLM usedto gen-
eratetheoriginalword-level lattices.This stagetypically took about
2XRT to generatetriphone-markd latticesfor the experimentsin
Section6, althoughthe speedof this processould be considerably
increased.

Given the phone-mar&d latticesfor the numeratorand denom-
inator of eachtraining audio segment,the lattice searchusedhere
performsafull forward-backvard passatthe state-leel constrained
by the lattice and the statisticsneededor the EBW updatesaccu-
mulated. Pruningis performedby usingthe phone-markd lattice
segmentationpoints extendedby a short-periodin eachdirection?
The searchwasalso optimisedasfar aspossibleby combiningre-
dundantlyrepeatednodelswhich occurin thephone-mar&d|attice.
Typically aftercompactionthe methodrequiresabout1xRT perit-
erationfor the experimentsn Section6.

6 MMIE EXPERIMENTSON HUBS DATA

This sectiondescribes seriesof MMIE training experimentsusing
the CambridgdJniversityHTK (CU-HTK) systenfor thetranscrip-
tion of corversationatelephonealatafrom the SwitchboarcandCall
HomeEnglishcorpora(*Hub5” data). Theseexperimentavereper
formedin preparatiorfor the NIST March 2000 Hub5 Evaluation.
Details of the March 2000 CU-HTK Hub5 systemcanbe foundin
[5].

The experimentsinvestigatedthe effect of differenttraining set
andHMM setsizesandtypes;the useof acousticlikelihoodscal-
ing andunigramLMs in trainingandary possibleinteractionsbe-
tweenMMIE training and maximuml likelihood linear regression-
basedadaptation.

1All runtimesaremeasuredn anIntel Pentiumlll runningat 550MHz.
2Typically 50msat boththe startandendof eachphone.



6.1 Basic CU-HTK Hub5 System

The CU-HTK Hub5 systemis a continuousmixture density tied-
statecross-vord context-dependentiMM systembasedntheHTK
HMM Toolkit. The full systemoperatesin multiple passesus-
ing morecomplex acousticandlanguagemodelsand unsupervised
adaptationin laterpasses.

Incoming speechs parameteriseéhto cepstralcoeficientsand
their first and secondderivatives to form a 39 dimensionalvector
every 10ms. Cepstralmeanand variancenormalisationand vocal
tractlengthnormalisatioris performedor eachconversatiorsidein
bothtrainingandtest.

The HMMs are constructedusing decision-treebased state-
clusteringandbothtriphoneandquinphonemodelscanbeused.All
experimentshereusedgenderindependenHMM sets.The pronun-
ciationdictionaryusedin the experimentsdiscussedelov wasfor
eithera 27k vocalulary (asusedin [4]) or a54kvocalulary andthe
coreof thisdictionaryis basedntheLIMSI 1993WSJlexicon. The
systemusesword-basedN-gramLMs estimatedrom aninterpola-
tion of Hub5 acoustictraining transcriptionsand BroadcastNews
texts. In theexperimentgeportechere trigramLMs areusedunless
otherwisestated.

6.2 Experimentswith 18 Hours Training

Initially we investigatedMMIE training using the 18 hour BBN-

definedMinitrain corpuswith anHMM setusing3088speectstates
and 12 Gaussian/statelMMs, which were our bestMLE trained
models. Latticeswere generatean the training setusinga bigram
LM. The bigram 1-besthypothesesad a 24.6% word error rate
(WER) anda Lattice WER (LWER) of 6.2%.

MMIE %WER
Iteration | AcousticScaling | LM Scaling
0 (MLE) 50.6 50.6

1 50.2 51.0

2 49.9 51.3

3 50.5 51.4

4 50.9 -

Table 1: 18 hour experimentswith 12 mixture componenimodels
(eval97sub):comparisorof acousticnodelandLM scaling.

TheMinitrain 12 Gaussian/stateesultsgivenin Tablel compare
acousticandlanguagemodelscalingfor severaliterationsof MMIE
trainingon the eval97subtestset(a subsebf the 1997Hub5 evalu-
ation). It canbe seenthatacousticscalinghelpsavoid overtraining
andthe bestWER is after 2 iterations. The training setlatticesre-
generatedfterasingleMMIE iterationgave a WER of 16.8%and
a LWER of 3.2%, shawing that the techniqueis very effective in
reducingtraining seterror. However, it wasfoundthattheseregen-
eratedatticeswereno betterto usein subsequertrainingiterations
andsoall furtherwork usedjusttheinitially generatedvord lattices.

The advantageof MMIE training for the 12 Gaussiarper state
systemis smallandsothe samesystemwith 6 Gaussians/stateas
trained.Theresultsin Table2 andagainshav the bestperformance
aftertwo MMIE iterations.Furthermoreghegainoverthe MLE sys-
temis 1.7%absolutaf abigramLM is usedand1.9%absolutdf a
unigramLM is used:the 6 Gaussiarper stateMMIE-trained HMM
setnow slightly outperformsthe 12 Gaussiarsystem.Furthermore
it canbe seenthatusinga wealenedLM (unigram)improves per
formancealittle.

MMIE %WER
Iteration | LatticeBigram | LatticeUnigram
0 (MLE) 515 515
1 50.0 49.7
2 49.8 49.6
3 50.1 50.0
4 50.8 -

Table 2: 18 hour experimentswith 6 mixture componentmodels
(eval97sub):comparisorof lattice LMs.

6.3 Experimentswith 68 Hours Training

The effect of extendingthe training setto the 68 hour h5trainO0Osub
set [5] was investigatednext using an HMM systemwith 6165
speeclstatesand12 Gaussians/stat@estswereperformedon both
the eval97subandthe 1998 evaluationset(eval98). In this casethe
phone-markd denominatofatticeshada LWER of 7.4%.

MMIE %WER
Iteration | eval97sub| eval98
0(MLE) | 46.0 465

1 43.8 45.0
2 43.7 44.6
3 44.1 44.7

Table 3: Word error rates on eval97sub and eval98 using
h5train00suliraining.

The resultsin Table 3 shav that againthe peak improvement
comesafter two iterations,but thereis an even larger reductionin
WER: 2.3% absoluteon eval97suband 1.9% absoluteon eval98.
The word error ratefor the 1-besthypothesigrom the original bi-
gramword latticesmeasuren 10%of thetrainingdatawas27.4%.
TheMMIE modelsobtainedaftertwo iterationsonthe sameportion
of training datagave an error rate of 21.2%,so againMMIE pro-
videdavery sizeablereductionin trainingseterror.

6.4 Triphone Experiments with 265 Hours
Training

The good performanceon smallertraining setsled us to investi-
gateMMIE trainingusingall the availableHub5 data:the 265hour
h5train00set. The h5train00setcontains267,611segmentsandnu-
meratorand denominatomword level latticeswere createdfor each
trainedsegment,and from these,phone-markd latticeswere gen-
erated.The HMMs usedherehad6165speechstatesand 16 Gaus-
sians/state.

MMIE %WER
Iteration | eval97sub| eval98
0 (MLE) 44.4 45.6

1 42.4 43.7
1(3xCHE) | 42.0 435
2 41.8 42.9
2(3xCHE) | 41.9 42.7

Table 4: Word error rateswhen using h5train00training with and
without CHE dataweighting(3xCHE).



We alsoexperimentedvith data-weightingwith this setupduring
MMIE training. Therationalefor thisis thatwhile thetestdatasets
containequalamountsof Switchboardand CHE data,the training
setis notbalancedThereforewve gave a3x higherweightingto CHE
dataduring training. The resultsof theseexperimentson both the
eval97subandeval98testsetsareshavn in Table4. It canbe seen
thatthereis animprovementin WER of 2.6%absoluteon eval97sub
and2.7%on eval98.

Dataweighting gives a further smallimprovement,althoughin-
terestingly dataweightingfor MLE reduceghe WER by 0.7% ab-
soluteon eval97sub It might be concludedthat the extra weight
placedon poorly recognisedlataby MMIE trainingrelativeto MLE
reducegheneedfor the dataweightingtechnique.

6.5 Quinphone Model Training

Sincethe CU-HTK Hub5 systemcanusequinphonemodels we in-
vestigatedMMIE quinphonerainingusingh5train00.The decision
tree stateclusteringprocessfor quinphonesncludesquestionsre-
garding+2 phonecontet andword-boundariesThe baselinequin-
phonesystemuses9640speectstatesand16 Gaussians/state.
ThequinphoneMMIE trainingusedtriphone-generategdord lat-
tices, but, since the phone-markd lattices were re-generatedor
the quinphonemodels,it wasnecessaryo further prunethe word-
lattices. The resultsof MMIE trainedquinphonen the eval97sub
setare shawvn in Table5. Note that theseexperiments,unlike all
previous onesreportedchere,includepronunciatiorprobabilities.

MMIE %WER
Iteration eval97sub
0 (MLE) 42.0

1 40.4
2 39.9
3 40.1

Table5: QuinphoneMMIE resultson eval97sub CHE dataweight-
ing usedfor MLE baseline.

As with the MMIE training runs discussedabore, the largest
WER reduction(2.1%absolutexomesaftertwo iterationsof train-
ing. Thereductionsn errorratearesimilarto thoseseerfor triphone
modelswhenCHE dataweightingis usedeventhoughtherewasex-
tra pruning requiredfor the phone-mar&d latticesand therewere
rathermoreHMM parametero estimate.

6.6 Interaction with MLLR

All theaborve resultsusedmodelsthatwerenotadaptedo thepartic-
ular corversationside usingmaximumlik elihoodlinear regression
(MLLR) [2]. To measureMLLR adaptationperformance MMIE
andMLE models(with dataweighting)wereusedin a full-decode
of the testdata,i.e. notrescoringlattices,with a 4-gramlanguage
model. The outputfrom this first passwasusedto estimatea global
speechMLLR (block-diagonaimeananddiagonalvariance)trans-
formusingtheoutputfrom therespectre non-adaptegassvasused
for adaptatiorsupervision.The adaptednodelswerethenusedfor
asecondull-decodepass.

Theresultsin Table6 shav thatthe MMIE modelsare2.1%ab-
solutebetterthanthe MLE modelswithout MLLR, and2.2%better
with MLLR. In this case,MLLR seemsgo work just aswell with

Adaptation| % WER eval98
MLE | MMIE

None 44.6 42.5
MLLR 42.1 39.9

Table6: Effectof MLLR on MLE andMMIE trainedmodels.

MMIE trainedmodels:a relatively smallnumberof parametersire
being estimatedwith MLLR and theseglobal transformskeepthe
Gaussianin thesame“configuration”asoptimisedby MMIE.

7 CONCLUSIONS

This paperhasdiscussedhe useof discriminatie trainingfor large
vocahlulary HMM-basedspeechrecognitionfor a training set size
and level of task difficulty not previously attempted. It hasbeen
shawvn that2-3% absolutereductionsn word error ratescanbe ob-
tainedfor thetranscriptionof corversationatelephonespeechThe
useof HMMs trainedusingMMIE wasthemostsignificantaddition
to theMarch2000CU-HTK evaluationsystem.
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